Abstract. We propose an improved artificial bee colony algorithm to solve CVRP. Inspired by genetic algorithm and particle swarm optimization, the enhanced ABC algorithm uses the information of the optimal solution of the current population, current individual and the historical optimal information of current individual to update the individuals. The performance of the proposed algorithm is tested on CVRP instances and compared with the state-of-the-art algorithms. Results show that the algorithm is effective and feasible, and is suitable for CVRP problems with small and medium size samples.
Introduction
Capacitated vehicle routing problem (CVRP) is a special form of VRP that has restricted constraints on the vehicle itself, such as capacity constraints or length constraints. Artificial bee colony algorithm (ABC) is a new kind of swarm intelligence algorithm, which mimics the foraging behavior of a honey bee swarm, but has not mature for the application of CVRP. In 2004, the ABC algorithm has been proved to be effective in solving continuous and discrete optimization problems [1, 2] . Although the programming of ABC algorithm is simple, flexible and robust, the algorithm also has some drawbacks. For example, it is easy to fall into local optimal and slow convergence rate, etc. In order to overcome the shortcomings of standard ABC algorithm, we propose a new ABC algorithm by improving mechanism, which uses the crossover operator to guide the individual updating. In each iteration, the algorithm records the best historical individual of the current individual and the best individual of the current population, and cross over with the current individual during the process of individual renewal. The improved method is tested on several instances with results show that the method is effective.
CVRP Description Problem Description and Problem Assumptions
CVRP considers the capacitated factors on the basis of the VRP. Let , where N is a collection of vertices in the vehicle distribution path representing a depot and n customers. E is a set of edges formed by any two nodes i and j , , and the total demand on each route can not exceed the capacity of the vehicle.
Mathematical Model
In the CVRP, the objective function is expressed as:
Constraints (2) and (3) state each customer only be serviced by a car. Constraints (4) expresses the travel path of the vehicle is a closed interval, with the depot as the starting point and the ending point. Constraints (5) are the vehicle capacity constraints.
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Standard Artificial Bee Colony Algorithm
The structure of the general ABC algorithm is divided into four stages: initial stage, employed bees stage, onlooker bees stage and scout bees stage [3] .
In the initial stage, the initial solutions are randomly generated as the food sources, and each employed bee is assigned to a food source.
In the employed bees stage, new food sources are explored in the neighborhood region with operators. The food source with a better quality is chosen by the current individual though comparing the fitness of the former and after food sources. After completing the search stage, all the employed bees share the information of the food source by dancing.
In the onlooker bees stage, each onlooker selects a food source with a certain probability. Due to the probability of food sources chosen by onlooker bees in direct proportion to the honey reserves, the roulette way is used to select the food source. After choosing the food source, the onlooker bees retain a better solution through neighborhood search.
In the scout bees stage, food sources whose qualities have not be improved within certain iterations will be abandoned. And the onlookers transform to the scouts to search new food sources.
Application to the CVRP
(1) Initial solution First, the customer indices are randomly generated into a sequence. Then separate the customer indices into m vehicle paths using the delimiters by considering the carrying capacity of the vehicle. The number of delimiters depends on the number of vehicles [4] .
(2) Neighborhood operators ABC algorithm usually uses neighborhood operators to get a new solution x from the current solution x . Some neighborhood operators (listed below) are pre-selected. Any combinations of the listed operators are possible, or it can be one. When a new solution x is needed, a neighborhood operator is selected randomly from the pre-selected neighborhood operators set and applied to the solution of x . The most frequently used operators are random swap, random insertions, reversed subsequences.
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In this section, in order to improve the convergence speed of the algorithm and make full use of the excellent information, the new individual updating mechanism is introduced to the standard ABC algorithm. We consider the improvement of individual renewal mechanism from the following two aspects.
(1) Cross operator The aforementioned traditional neighborhood operators only changed the single individual by swapping, reversing and inserting. Inspired by genetic algorithm, cross operator is introduced into ABC algorithm, which applied to generate a new solution by utilizing two individuals [5] .
As shown in Fig. 1 , a insertion point and a arbitrary length sequence are extracted from the two random select individuals. Put the selected sequence into the insertion point location of another individual and delete the corresponding points in this individual, then you can get a new solution. (2) Utilization of information Compared with ABC algorithm, particle swarm optimization algorithm has the advantage of memory for good solutions. In each iteration of the particle swarm optimization algorithm, the particle updates itself by tracking two extremums (gbest and pbest) [6] . Combined with the idea of particle swarm optimization, the information of the optimal solution in the population, current individual and the historical optimal information of current individual are used to guide the current solution updating.
Experiments and Discussion
In order to verify the effectiveness of the improved ABC algorithm, we selected some instances proposed by Augerat et al. as the running data, and the data source takes from the web http://neo.lcc.uma.es/vrp/vrp-instances/capacitated-vrp-instances/ [7] . All the computational experiments are performed on MATLAB R2017b with a 2.70 GHz computer. We set the population size to 100, i.e., the food source is 50. In this experiment, the number of iterations is set to 200 times, and each instance run 25 times for data comparison. Tab. 1 is the performance comparison of the improved ABC algorithm with other advanced algorithms, such as CWS, SR-GCWS and HBA-PR. The BKS is the best-known solutions of the selected instances, which are extracted from the literatures [8, 9, 10] . We can see that the performance of E-ABC can reach the best-known solutions except the real length of A-n39-k6 and P-n50-k8 instances. For P-n50-k8, the integer length of the route reaches the integer length of the best-known solutions. The actual optimal values obtained by our approach are better than the real values of BKS in four instances, such as A-n33-k5, A-n33-k6, E-n33-k4 and E-n51-k5. Compared with the real length of the best-known solutions, the average deviation is 0.0193%.
Conclusions
In this study, an enhanced ABC algorithm with a new individual updating mechanism has been proposed, which uses the optimal information and cross operators to generate a new individual. The new individual updating mechanism makes full use of the optimal information of the population, the current individual information and the historical optimal information of current individual. It diversifies the generation of new solution and improves the development and exploration ability of the algorithm. We use the classical instances to verify the effectiveness of the improved ABC algorithm.
